Abstract: A hybrid approach composed by different types of fuzzy systems, such as the Type-1 Fuzzy Logic System (T1FLS), Interval Type-2 Fuzzy Logic System (IT2FLS) and Generalized Type-2 Fuzzy Logic System (GT2FLS) for the dynamic adaptation of the alpha and beta parameters of a Bee Colony Optimization (BCO) algorithm is presented. The objective of the work is to focus on the BCO technique to find the optimal distribution of the membership functions in the design of fuzzy controllers. We use BCO specifically for tuning membership functions of the fuzzy controller for trajectory stability in an autonomous mobile robot. We add two types of perturbations in the model for the Generalized Type-2 Fuzzy Logic System to better analyze its behavior under uncertainty and this shows better results when compared to the original BCO. We implemented various performance indices; ITAE, IAE, ISE, ITSE, RMSE and MSE to measure the performance of the controller. The experimental results show better performances using GT2FLS then by IT2FLS and T1FLS in the dynamic adaptation the parameters for the BCO algorithm.
Introduction
In 1965 Zadeh first proposed the concept of a fuzzy set (FS) [1] . His vision was set on giving more control over decision making, and with his fuzzy logic an immeasurable amount of decision-making situations could be easily modeled whereas hard logic, true or false, could not. This opened a new era in decision making with FSs that have been evolving since its initial days, first starting out with Type-1 Fuzzy Logic Systems (T1FLS), then coming into Interval Type-2 Fuzzy Logic Systems (IT2FLS) and finally arriving to the current state of advanced form of FS, Generalized Type-2 Fuzzy Logic Systems (GT2FLS).
In recent years, many works on control system stabilization have been published [2] [3] [4] . However, all these control design methods require the exact mathematical models of the physical systems, which may not be available in practice. On the other hand, fuzzy control has been successfully applied for solving many nonlinear control problems. Some works related in automatic control are [5] [6] [7] [8] [9] [10] . Fuzzy logic or multi-valued logic is based on fuzzy set theory proposed in [1, 11] , which helps us in modeling knowledge, through the use of if-then rules. In Interval Type-2 fuzzy systems, the membership functions can now return a range of values, which vary depending on the uncertainty involved in not only the inputs, but also in the same membership functions [12, 13] . In Generalized Type-2 Section 4 outlines the problem statement that is used in the simulations. Section 5 describes the traditional bee colony optimization (BCO) algorithm and fuzzy BCO. Section 6 shows the simulation results with the dynamic adaptation in the parameters of BCO with different fuzzy systems. Section 7 shows the discussion of results. Finally, Section 8 offers some conclusions of this work.
Fuzzy Sets

Type-1 Fuzzy Logic System
A type-1 fuzzy set in the universe X is characterized by a membership function µ A (x) taking values on the interval [0, 1] and can be represented as a set of ordered pairs of an element and the membership degree of an element to the set and are defined by the following Equation (1) [1, 4, 20, 21, 41, 42] :
where µ A : X → [0, 1] . In this definition µ A (x) represents the membership degree of the element x ∈ X to the set A. In this work we are going the use the following notation: A (x) = µ A (x) for all x ∈ X. Figure 1 shows the Type-1 Fuzzy Logic System. simulation results with the dynamic adaptation in the parameters of BCO with different fuzzy systems. Section 7 shows the discussion of results. Finally, Section 8 offers some conclusions of this work.
Fuzzy Sets
Type-1 Fuzzy Logic System
A type-1 fuzzy set in the universe X is characterized by a membership function ( ) taking values on the interval [0, 1] and can be represented as a set of ordered pairs of an element and the membership degree of an element to the set and are defined by the following Equation (1) [1, 4, 20, 21, 41, 42] :
where μ : X → [0,1].
In this definition μ (x) represents the membership degree of the element x ∈ X to the set A. In this work we are going the use the following notation: A(x) = μ (x) for all x ∈ X. Figure 1 shows the Type-1 Fuzzy Logic System. 
Interval Type-2 Fuzzy Logic System
Based on Zadeh's ideas, Mendel et al. presented the mathematical definition of a type-2 fuzzy set, as follows [20, 21] .
An Interval Type-2 Fuzzy Set A , denoted by μ (x) and μ (x) is represented by the lower and upper membership functions of μ (x). Where x ∈ X. In this case, Equation (2) shows the definition of an IT2FS [43] [44] [45] [46] [47] [48] [49] :
where X is the primary domain, Jx is the secondary domain. All secondary degrees (μ (x, u)) are equal to 1. Figure 2 shows the representation of an Interval Type-2 Fuzzy Logic System. The output processor includes a type-reducer and defuzzifier that generates a type-1 fuzzy set output (from the type-reducer) or a crisp number (from the defuzzifier) [46, 49] . An Interval type-2 FLS is also characterized by IF-THEN rules, but their fuzzy sets are now of interval type-2 form. The Type-2 Fuzzy Set can be used when circumstances are too uncertain to determine exact membership degrees, as is the case with the membership functions in a fuzzy controller that can take different values and we want to find the distribution of membership functions that show better results in the stability of the fuzzy controller [50, 51] . 
An Interval Type-2 Fuzzy Set A, denoted by µ A (x) and µ A (x) is represented by the lower and upper membership functions of µǍ (x). Where x ∈ X. In this case, Equation (2) shows the definition of an IT2FS [43] [44] [45] [46] [47] [48] [49] :
where X is the primary domain, Jx is the secondary domain. All secondary degrees µ A (x, u) are equal to 1. Figure 2 shows the representation of an Interval Type-2 Fuzzy Logic System. The output processor includes a type-reducer and defuzzifier that generates a type-1 fuzzy set output (from the type-reducer) or a crisp number (from the defuzzifier) [46, 49] . An Interval type-2 FLS is also characterized by IF-THEN rules, but their fuzzy sets are now of interval type-2 form. The Type-2 Fuzzy Set can be used when circumstances are too uncertain to determine exact membership degrees, as is the case with the membership functions in a fuzzy controller that can take different values and we want to find the distribution of membership functions that show better results in the stability of the fuzzy controller [50, 51] . 
Generalized Type-2 Fuzzy Logic System
With GT2FLS the logic is generally the same as for T1FLS and IT2FLS, but their operations are somewhat different, due to the nature of GT2FS [51, 52] . Generalized Type-2 Fuzzy Sets are defined by the following Equation (3):
where J ⊆ [0, 1], x is the partition of the primary membership function, and u is the partition of the secondary membership function. In Figure 3 we can find a representation of a generalized type-2 membership function, and in Figure 4 , the footprint of uncertainty (FOU) is illustrated, which is associated with the third dimension and allows a better modeling of real world uncertainty. 
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where J ⊆ [0, 1], x is the partition of the primary membership function, and u is the partition of the secondary membership function. In Figure 3 we can find a representation of a generalized type-2 membership function, and in Figure 4 , the footprint of uncertainty (FOU) is illustrated, which is associated with the third dimension and allows a better modeling of real world uncertainty. It must be noted that there is a small difference in notation when compared with Type-1 and Interval Type-2, this is, T1FS and IT2FS use the notation µ (x) , but GT2FS uses f x (u), in the vertical axis, and this is due to the complexity involved in GT2FLS in comparison with the others, as well as how GT2FLS has been described in the literature [53] . Figure 5 shows the representation of a Generalized Type-2 Fuzzy Logic System. It must be noted that there is a small difference in notation when compared with Type-1 and Interval Type-2, this is, T1FS and IT2FS use the notation μ(x), but GT2FS uses f (u), in the vertical axis, and this is due to the complexity involved in GT2FLS in comparison with the others, as well as how GT2FLS has been described in the literature [53] . Figure 5 shows the representation of a Generalized Type-2 Fuzzy Logic System. 
Fuzzification
The fuzzifier maps crisp inputs into generalized type-2 fuzzy sets to process within the FLC. In this paper, we will focus on the type-2 singleton fuzzifier as it is fast to compute and, thus, suitable for the generalized type-2 FLC real-time operation. Singleton fuzzification maps the crisp input into a fuzzy set, which has a single point of nonzero membership. Hence, the singleton fuzzifier maps the crisp input x into a type-2 fuzzy singleton, whose MF is = 1/1 for = and = 0 for all ≠ for all = 1, 2, . . . , , where P is the number of FLS inputs [54] .
Inference
Once the input and output variables are defined, with their respective membership functions, the inference process is performed in the system, and for this the following steps are needed:
Define the Fuzzy Rules: The structure of the rules in the generalized Type-2 FLS is the standard Mamdani-type FLS rule structure used in the Type-1 FLS and an interval Type-2 FLS, but in this paper, we assume that the antecedents and the consequents sets are represented by generalized Type-2 fuzzy sets. So for a Type-2 FLS with p inputs x ϵ X , … , x ∈ X and one output y ∈ Y, Multiple Input Single Output (MISO), if we assume there are M rules, the kth rule in the generalized type-2 FLS can be written as follows [52] [53] [54] :
: IF is and … and is , THEN is
The inference of a GT2FLS can be simplified into two main operations, meet and join, as shown in Equations (5) and (6), respectively 
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The α-plane for a generalized T2 FLS, in this case A, is denoted by Ãα, and it is the union of all primary membership functions of Ã, which secondary membership degrees are higher or equal to α (0 ≤ α≤ 1) [45, 46] . The equation of an alpha plane is represented by Equation (7). In Figure 6 the representation of an alpha plane is illustrated [55] [56] [57] :
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The α-plane for a generalized T2 FLS, in this case A , is denoted by Ãα, and it is the union of all primary membership functions of Ã, which secondary membership degrees are higher or equal to α (0 ≤ α≤ 1) [45, 46] . The equation of an alpha plane is represented by Equation (7). In Figure 6 the representation of an alpha plane is illustrated [55] [56] [57] : Figure 6 . An example of the associated type-2 fuzzy set for the alpha-plane.
Type Reduction
Type reduction is performed by applying the type reductor of the Karnik and Mendel algorithm [43, 48] , and this reduction is given by the following Equations (8) and (9):
The results of the alpha planes are integrated by the following Equations (10) and (11) [55, 56] : Figure 6 . An example of the associated type-2 fuzzy set for the alpha-plane.
The results of the alpha planes are integrated by the following Equations (10) and (11) [55, 56] :
Defuzzification
After realizing the type reduction and integrating the results of all the alpha planes, the defuzzification is performed by using the average of y l and y r , to obtain the defuzzified output of a generalized type-2 non-singleton FLS [58, 59] :
Fuzzy Controllers
Early, a Fuzzy Logic Controller (FLC) was designed only using type-1 fuzzy sets in representing the input-output uncertainties. However, these are uncertainties in the meaning of words in the antecedents and consequents of the rules, the histogram values of the consequents extracted from a group of experts, and the noisy data as well as measurements [2] [3] [4] 33, 41, 42, 59] . Type-1 fuzzy sets have limited ability to handle such uncertainties because they apply crisp membership functions. In Figure 7 the generic representation of the FLC is illustrated. After realizing the type reduction and integrating the results of all the alpha planes, the defuzzification is performed by using the average of and , to obtain the defuzzified output of a generalized type-2 non-singleton FLS [58, 59] :
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Problem Statement
General Description
The model which is used is of a unicycle mobile robot [2] [3] [4] 42, 59] , consisting of two driving wheels located on the same axis and a front free wheel. Figure 8 shows a graphical description of the robot model. 
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Fuzzy Controllers
Problem Statement
General Description
The model which is used is of a unicycle mobile robot [2] [3] [4] 42, 59] , consisting of two driving wheels located on the same axis and a front free wheel. Figure 8 shows a graphical description of the robot model. The robot model assumes that the motion of the free wheel can be ignored in its dynamics, as shown in Equations (13) and (14):
where:
T is the vector of the configuration coordinates,
T is the vector of velocities,
is the vector of torques applied to the wheels of the robot where τ 1 and τ 2 denote the torques of the right and left wheel, respectively. P ∈ R 2 is the uniformly bounded disturbance vector,
q ϑ is the vector of centripetal and Coriolis forces, and D ∈ R 2×2 is a diagonal positive-definite damping matrix.
The kinematic system is represented by Equation (14):
(x,y) is the position in the X − Y (world) reference frame, θ is the angle between the heading direction and the x-axis, v and w are the linear and angular velocities.
Furthermore, Equation (15) shows the non-holonomic constraint which this system has, which corresponds to a no-slip wheel condition preventing the robot from moving sideways:
The system fails to meet Brockett's necessary condition for feedback stabilization, which implies that no continuous static state-feedback controller exists that can stabilize the closed-loop system around the equilibrium point.
Characteristics of the Fuzzy Controller
The main problem to study is controlling the stability of the trajectory in a mobile robot. The Membership functions are for the two inputs to the fuzzy system: the first is called ev (angular velocity), which has three membership functions with linguistic values of N (Negative), Z (Zero) and P (Positive). The second input variable is called ew (linear velocity) with three membership functions with the same linguistic values. The type-1 fuzzy logic controller has two outputs called T1 (Torque 1), and T2 (Torque 2), which are composed of three triangular membership functions with the following linguistic values, respectively: N (Negative), Z (Zero), P (Positive), and in Figure 9 we show the representation of the input and output variables. 
Angular velocity (ev) and negative and linear velocity (ew). The knowledge about the problem provides us with nine fuzzy rules for control. The combination of the rules is shown in Table 1 and Figure 10 shows the model of the Fuzzy Logic Controller. 
Angular velocity (ev) and negative and linear velocity (ew).
The rules are selected based on the following references [3, 4, 59] . We choose the initial FIS with the nine rules set out in Table 1 . For example, the third rule; when the angular velocity (ev) is Negative and linear velocity (ew) is Positive then the output Torque 1 (T1-Wheel right) is Negative (it indicates no movement) and Torque 2 (T2-Wheel left) is Positive (it indicates movement). Each torque has independent functions with a direct relationship that depending on the ev and ew values. 
Bee Colony Optimization
The Bee Colony Optimization algorithm has recently received many improvements and applications. The BCO algorithm mimics the food foraging behavior of swarms of honey bees [35] . Honey bees use several mechanisms like the waggle dance to optimally locate a food source and search for new ones. It is a very simple, robust and population based stochastic optimization algorithm [36] .
Traditional Bee Colony Optimization Algorithm
The communication between individual insects in a colony of social insects has been well known. The BCO is inspired by the bees´behavior in nature. The basic idea behind the BCO is to create the multi agent system (colony of artificial bees) capable to successfully solve difficult combinatorial optimization problems. The artificial bee colony behaves partially alike, and partially differently from bee colonies in nature [34] [35] [36] [37] [38] [39] [40] 42] . The algorithm parameters, whose values need to be set prior the algorithm execution are; B indicates the number of bees in the hive and NC indicates the number of constructive moves during one forward pass. In the beginning of the search, all the bees are in the hive.
The basic steps of the BCO algorithm are shown in Table 2 . The BCO algorithm is based on Equations (16)- (19): Pseudocode of BCO
1.
Initialization: an empty solution is assigned to every bee; 2.
For every bee: //the forward pass (a) Set k = 1; //counter for constructive moves in the forward pass; (b) Evaluate all possible constructive moves; (c) According to evaluation, choose on move using the roulette wheel;
3. All bees are back to the hive; //backward pass starts. 4.
Evaluate (partial) objective function value for each bee; 5.
Every bee decide randomly whether to continue its own exploration and become a recruiter, or to become a follower; 6.
For every follower, choose a new solution from recruiters by the roulette wheel; 7.
If solutions are not completed goto step 2; 8.
Evaluate all solutions and find the best one; 9.
If stopping condition is not met goto step 2; 10.
Output the best solution found.
Equation (16) indicates the probability of a bee k located on a node i selects the next node denoted by j, where, Nk i is the set of feasible nodes (in a neighborhood) connected to node i with respect to bee k, and ρ ij is the probability to visit the following node. Note that the β is inversely proportional to the distance of the node; d ij represents the distance of node i until node j, for this algorithm indicate the total the dance that a bee have in this moment. Finally, α is a binary variable that is used to find better solutions in the algorithm. Equation (17) represents that a waggle dance will last for a certain duration, determined by a linear function, where K denotes the waggle dance scaling factor, Pf i denotes the profitability scores of bee i as defined in Equation (18) and Pf colony denotes the bee colony's average profitability as in Equation (19) and is updated after each bee completes its tour. For this research the waggle dance is represented by the mean square error (MSE), which it is the representation of the fitness function in the fuzzy control analyzed, for each iteration in BCO algorithm a MSE is found, the main objective is to find the smallest error can stabilize the trajectory of an autonomous mobile robot. In the BCO algorithm, a bee represents the values of the distribution of the membership functions. The design of the T1FLS for the mobile robot controller has trapezoidal and triangular membership functions in the inputs and outputs (see Figure 9) , giving a total of 40 values.
Fuzzy Bee Colony Optimization Algorithm
In the BCO algorithm the waggle dance represents the intensity with which a bee finds a possible good solution. If the intensity of the waggle dance is large this means that the solution found by the bee is the best of all the population [60] . For this work the waggle dance is represented by the mean square error (MSE) that all models find once the simulation in the iteration of the algorithm is done [41, 42] . For measuring the iterations of the algorithm, it was decided to use the percentage of iterations as a variable, i.e., when starting the algorithm the iterations will be considered "low", and when the iterations are completed it will be considered "high" or close to 100%. We represent this idea using Equation (20) [32] :
The diversity measure is defined by Equation (21), which measures the degree of dispersion of the bees, i.e., when the bees are closer together; there is less diversity as well as when bees are separated then the diversity is higher. As the reader will realize the equation of diversity can be considered as the average of the Euclidean distances between each bee and the best bee. The main objective of using diversity is to provide the BCO algorithm with the ability to avoid getting trapped in local minimum; this is because the diversity represents the situation when the bees are not separated in the search space. This behavior is controlled with the rules that were designed with the Generalized Type-2 Fuzzy Logic System [32] :
where t indicates the current iteration, n s indicates the size of the population, i represents the bee, n x indicates the number of solutions, j represents the next solution in the space search, X ij indicates solution j of the bee i, finally, X j represents solution j of the best bee in the space search. The fitness function in the BCO algorithm is calculated with the Mean Square Error and is shown in Equation (22) . For each Follower Bee for N cycles, the Type-1 FLS design for the BCO algorithm is evaluated and the objective is to minimize the error:
The distribution of the membership functions in the inputs and outputs is realized in a symmetrical way. The design of the input and output variables can be appreciated in Figures 11-13 for the Type-1 FLS, Interval Type-2 FLS and Generalized Type-2 FLS, respectively. The fuzzy rules are shown in Table 3 .
The Various experiments were previously realized in which the idea is to explore the behavior of the BCO algorithm. The interesting factor that was found is that we need to start with high exploration and thus, the proposed methodology is able to analyze better all the search space.
To start the BCO algorithm, the iteration is low and the diversity is low, this is because the initialization of the position of the bees is set randomly in steps 1 of the BCO algorithm. This reasoning that is used for realizing the Rule number 1 which is: "If Iterations is Low and Diversity is Low then Beta is High and Alpha is Low". The high value for beta represents that the bees should realize high exploration and the value low of alpha represents that the bees should have little exploitation in BCO algorithm. On the other hand, when the Iterations are high (last iterations of the BCO algorithm) the bees have a high diversity (bees are separated) and the value of beta is low to obtain low exploration and the value of alpha is high to obtain a better exploitation in the problem. This reasoning is used for realizing Rule number 9, which is:
"If Iterations is High and Diversity is High then Beta is Low and Alpha is High".
The proposed general flowchart of BCO is illustrated in Figure 14 , where "ScoutBees" indicates the size of population, "NC" represents the number of constructive moves during one forward pass and "FollowerBees" represents each bee that explores the possible solutions. Various experiments were previously realized in which the idea is to explore the behavior of the BCO algorithm. The interesting factor that was found is that we need to start with high exploration and thus, the proposed methodology is able to analyze better all the search space.
To start the BCO algorithm, the iteration is low and the diversity is low, this is because the initialization of the position of the bees is set randomly in steps 1 of the BCO algorithm. This reasoning that is used for realizing the Rule number 1 which is: "If Iterations is Low and Diversity is Low then Beta is High and Alpha is Low". The high value for beta represents that the bees should realize high exploration and the value low of alpha represents that the bees should have little exploitation in BCO algorithm. On the other hand, when the Iterations are high (last iterations of the BCO algorithm) the bees have a high diversity (bees are separated) and the value of beta is low to obtain low exploration and the value of alpha is high to obtain a better exploitation in the problem. This reasoning is used for realizing Rule number 9, which is: "If Iterations is High and Diversity is High then Beta is Low and Alpha is High". Figure 14 , where "ScoutBees" indicates the size of population, "NC" represents the number of constructive moves during one forward pass and "FollowerBees" represents each bee that explores the possible solutions. 
The proposed general flowchart of BCO is illustrated in
Results
Experimentation was performed with various external perturbation scenarios. Two specific noise generators are used: band-limited white noise and pulse generated noise. The height of the Power Spectral Density of the band-limited white noise of power is set to (0.5, 1), sample time of (0.5, 1), and delay of 1000; and the amplitude is set to (0.5, 1), period in seconds of 1, pulse width (%) is set to (0.5, 1) and phase delay is set to 1000, respectively, for the pulse generated noise.
We use the problem of controlling a trajectory of an autonomous mobile robot, the test criteria is a series of Performance Indices; where the Integral Square Error (ISE), Integral Absolute Error (IAE), Integral Time Squared Error (ITSE), Integral Time Absolute Error (ITAE) and Root Mean Square Error (RMSE) are used, respectively shown in Equations (23) 
We use the problem of controlling a trajectory of an autonomous mobile robot, the test criteria is a series of Performance Indices; where the Integral Square Error (ISE), Integral Absolute Error (IAE), Integral Time Squared Error (ITSE), Integral Time Absolute Error (ITAE) and Root Mean Square Error (RMSE) are used, respectively shown in Equations (23)- (27):
The BCO algorithm was configured with the parameters listed in Table 4 . The results of the simulations for the problem are presented in Table 5 , which shows the errors for each performance index of 30 experiments for the autonomous mobile robot controller using the traditional BCO, and the alpha and beta values are set to 0.5 and 2.5, respectively. The results in Table 5 were ordered with respect to the minimization of the MSE. In Table 5 can be noted that the best value for the MSE was of 0.002. The simulation results in Table 5 are obtained with the traditional BCO. The main goal of the experiments is to observe the values of alpha and beta in the algorithm to compare with the results of the proposed method, as well as to observe the results with the traditional BCO algorithm with the considered problem. Figure 15 shows the behavior of the MSE when different levels of noise are applied in the traditional BCO. With the base FLS the distribution of membership functions detailed in Figure 9 . The behavior in the simulations is shown in Figure 16 with a perturbation in the model of pulse generated with value of 1. With the base FLS the distribution of membership functions detailed in Figure 9 . The behavior in the simulations is shown in Figure 16 with a perturbation in the model of pulse generated with value of 1. With the base FLS the distribution of membership functions detailed in Figure 9 . The behavior in the simulations is shown in Figure 16 with a perturbation in the model of pulse generated with value of 1. Figure 17 shows similar simulation errors when the levels of noise are applied in the model, the stabilization in the trajectory in autonomous mobile robot is shown in Figure 17 with the best MSE using the two types of perturbations in the model with the value of 1 and the traditional BCO. Figure 17 shows similar simulation errors when the levels of noise are applied in the model, the stabilization in the trajectory in autonomous mobile robot is shown in Figure 17 with the best MSE using the two types of perturbations in the model with the value of 1 and the traditional BCO. Table 6 shows the average of 30 experiments, standard deviation (SD), the best and the worst of the simulation errors for the four methods: Traditional BCO, Fuzzy BCO with Type-1 Fuzzy Logic System (FLS), Fuzzy BCO with Interval Type-2 FLS and Fuzzy BCO with Generalized Type-2 FLS without applying perturbation in the model. We used the MSE as the fitness function in the Bee Colony Optimization algorithm. Table 6 shows the average of 30 experiments, standard deviation (SD), the best and the worst of the simulation errors for the four methods: Traditional BCO, Fuzzy BCO with Type-1 Fuzzy Logic System (FLS), Fuzzy BCO with Interval Type-2 FLS and Fuzzy BCO with Generalized Type-2 FLS without applying perturbation in the model. We used the MSE as the fitness function in the Bee Colony Optimization algorithm. Table 6 shows that using the traditional method the average MSE was of 5.090 and with Generalized Type-2 FLS was 6.118 using the dynamic adjustment in alpha and beta, which tells us that if we do not apply perturbation in the model the dynamic adjustment do not provide better results compared to the traditional BCO for the stabilization of the autonomous mobile robot. The alpha and beta values found by Fuzzy BCO with GT2FLS are 2.601 and 0.467, respectively. We applied perturbation in the model, and this is a way of analyzing uncertainty in the fuzzy sets. Table 7 shows results with the pulse generator with a value of 0.5 for each methodology used. Table 7 shows that using the traditional method with perturbation in the model the average MSE was 2.601 and with Generalized Type-2 FLS was 2.467 using the dynamic adjustment in alpha and beta values, which tells us that if we apply perturbation in the model the dynamic adjustment produces better results compared to the traditional BCO for the stabilization of the autonomous mobile robot. The minimum value of MSE was 0.001 for the Fuzzy BCO with Type-1 FLS. The best alpha and beta values found by GT2FLS are 2.601 and 0.467, respectively. Figure 18 shows comparative results when applying a pulse generator with a value of 1 in the model. The MSE is shown for comparison. Figure 18 shows that the best error is found by GT2FLS with a value of 0.0001. It is important to mention that GT2FLS starts with a low error, but the stabilization in the trajectory of the autonomous mobile robot is high compared to other methods.
As an example of the relation between noise and the FLS performance, Figure 19 shows these relations for each type of performance index used, where in all accounts FBCO with GT2FLS is somewhat better with respect to Fuzzy BCO with IT2FLS and then to Fuzzy BCO with T1FLS. Two scenarios in the experiments were changed, the first is to observe the behavior of the Interval Type-2 FLS, a reduction in the size of the Footprint Uncertainty (FOU) to a value of 0.5 was realized. In experiments previously performed, the value of FOU was set to 0.9. The second is to minimize the value of the FOU to 0.5 and also, increase the value of the volume (depth) of a generalized membership function, the value set in previous experiments was of 0.5, for these experiments we change it to 1, which indicates that we have more secondary functions memberships to evaluate with the Generalized Type-2 FLS. The averages of 30 experiments are presented in Table 8 . Table 8 shows that when levels of noise are used in the model, the stabilization of the autonomous mobile robot is better with the Fuzzy BCO with GT2FLS compared to the traditional BCO. The standard deviation is smaller, which indicates that the results are similar. The best MSE error found was by FBCO-GT2FLS with a value of 0.0001. The behavior of the trajectory of the autonomous mobile robot is shown in Figure 20 with perturbation (pulse generator of 1) in the model. The Best MSE is also shown in Figure 20 . Two scenarios in the experiments were changed, the first is to observe the behavior of the Interval Type-2 FLS, a reduction in the size of the Footprint Uncertainty (FOU) to a value of 0.5 was realized. In experiments previously performed, the value of FOU was set to 0.9. The second is to minimize the value of the FOU to 0.5 and also, increase the value of the volume (depth) of a generalized membership function, the value set in previous experiments was of 0.5, for these experiments we change it to 1, which indicates that we have more secondary functions memberships to evaluate with the Generalized Type-2 FLS. The averages of 30 experiments are presented in Table 8 . Table 8 shows that when levels of noise are used in the model, the stabilization of the autonomous mobile robot is better with the Fuzzy BCO with GT2FLS compared to the traditional BCO. The standard deviation is smaller, which indicates that the results are similar. The best MSE error found was by FBCO-GT2FLS with a value of 0.0001. The behavior of the trajectory of the autonomous mobile robot is shown in Figure 20 with perturbation (pulse generator of 1) in the model. The Best MSE is also shown in Figure 20 . The convergence of the Fuzzy BCO with Generalized Type-2 FLS with dynamic alpha and beta values is shown in Figure 21 . The best distribution in membership functions found by FBCO with Generalized Type-2 FLS is shown in Figure 22 . With the objective to observe the performance that a Generalized Type-2 FLS has with respect to IT2FLS, T1FLS and Traditional BCO. The best FLS found by each method using simulations without perturbation in the model that was selected. We added more perturbation such as; a pulse generator of amplitude of 5 and pulse width of 5. The result of trajectory in the autonomous mobile robot is shown in Figure 23 . The best distribution in membership functions found by FBCO with Generalized Type-2 FLS is shown in Figure 22 . With the objective to observe the performance that a Generalized Type-2 FLS has with respect to IT2FLS, T1FLS and Traditional BCO. The best FLS found by each method using simulations without perturbation in the model that was selected. We added more perturbation such as; a pulse generator of amplitude of 5 and pulse width of 5. The result of trajectory in the autonomous mobile robot is shown in Figure 23 . The best distribution in membership functions found by FBCO with Generalized Type-2 FLS is shown in Figure 22 . With the objective to observe the performance that a Generalized Type-2 FLS has with respect to IT2FLS, T1FLS and Traditional BCO. The best FLS found by each method using simulations without perturbation in the model that was selected. We added more perturbation such as; a pulse generator of amplitude of 5 and pulse width of 5. The result of trajectory in the autonomous mobile robot is shown in Figure 23 . To observe the efficiency of proposed method, a different trajectory is shown in Figure 24 , where we have shown the best experiment with FBCO with GT2FLS and the best experiment of the Traditional BCO used the perturbation pulse generator with value of 0.5 (see Table 7 ). To observe the efficiency of proposed method, a different trajectory is shown in Figure 24 , where we have shown the best experiment with FBCO with GT2FLS and the best experiment of the Traditional BCO used the perturbation pulse generator with value of 0.5 (see Table 7 ). To observe the efficiency of proposed method, a different trajectory is shown in Figure 24 , where we have shown the best experiment with FBCO with GT2FLS and the best experiment of the Traditional BCO used the perturbation pulse generator with value of 0.5 (see Table 7 ). With a linear trajectory, in Figure 24 the proposed method (a) the pink line (robot trajectory) is closest to the yellow line (desired trajectory). This simulation is reflected with the MSE that the FBCO with GT2FLS found with a value of 0.007 compared to the Traditional BCO (Figure 24b ) that had the best MSE of 0.018 with perturbations in the model.
Discussion
Every problem that has been analyzed required the optimal parameters for an optimization algorithm. For this reason is necessary to realize several experiments to meet these parameters. In this work, we realized a study to determine how the alpha and beta values affect the performance of the BCO algorithm applied in the fuzzy controller, and to obtain whit this design of the fuzzy rules to the GT2FLS.
Based on the experiments in Section 5, we analyzed the results; the Traditional BCO algorithm is a good technique for the optimization and design of the fuzzy controller, because the behavior of the trajectory in the autonomous mobile robot without applying perturbation in the model is good (see Table 5 ), but when we increased the levels of noise, the stabilization in the model is better with the adjustment dynamic of parameters using GTL2FLS (see Figure 23 ), this is because the uncertainty is better handle and the perturbations the level of noise is minimized with GT2FLS.
When the size of the FOU in the Interval Type-2 FLS is increasing (see Table 8 ) the perturbation is better analyzed, the best MSE found was of 0.004 compared to the Traditional BCO that was of 0.008. It is important to mention that when the size of Volume in GT2FLS is increasing (see Table 8 ) to allow evaluate more secondary membership functions and the standard deviation is smaller with a value of 3.32 with perturbation in the model compared to 7.27 with Traditional BCO; this determines that all the results found by GT2FLS are similar.
Future work in this research consists in applying this technique to find the optimal values in the alpha and beta parameters for the optimization the Interval Type-2 Fuzzy Logic Controller and Benchmark Functions with the Fuzzy BCO algorithm, and thus able to observe that the optimal parameters found with this method are adapted to any optimization problem.
Conclusions
In this paper, we conclude that the BCO algorithm is a good optimization technique for design and stabilization of fuzzy controllers. The process of dynamically adjusting parameters of an optimization method (in this case the Bee Colony Optimization algorithm), can improve the quality of results and increasing the diversity of solutions to a problem. Three fuzzy systems were designed for the adjustment the parameters for BCO algorithm, T1FLS, IT2FLS and GT2FLS. These proposed methods show the quality of the results better that the Traditional BCO when the design of the parameters in a fuzzy logic system for an autonomous mobile robot in simulation allow the stabilization of the trayectory and minimization of the error efficiently.
Experiments were performed with the proposed method to find the optimal alpha and beta values in the parameters of BCO algorithm, and a comparison was made between the method of traditional bee colony optimization and the proposed methods, i.e., with the three fuzzy systems for parameters adjustment.
The BCO algorithm was implemented to find the optimal distribution of parameters in the design of the fuzzy controller, especially in controlling the trajectory in an autonomous mobile robot, thus being able to demonstrate the efficiency of the Fuzzy BCO algorithm as a technique to improve the performance in fuzzy controllers. By comparing the proposed methods and the Traditional BCO algorithm, in the design of fuzzy logic systems applied to fuzzy control it was found that based on the experiments, it was possible to develop a method for dynamically adjusting the alpha and beta parameters of the BCO through the three fuzzy logic systems. And in this way improving the results compared with the simple BCO method.
The performance of each fuzzy system, used in this research was observed in the results, when IT2FLS is increased the FOU size and when GT2FLS is increasing the volume size.
